Motivation: A considerable amount of human intervention is currently required to produce high
INTRODUCTION
The physical maps of genomes built from fingerprinted clone libraries are increasingly important tools in biological and biomedical research. Clone fingerprint maps are obviously central to the clone-by-clone shotgun-sequencing strategy, but they are also used in hybrid or mixed approaches that involve elements of clone-by-clone and whole-genome shotgun sequencing (reviewed in Green (2001)). For example, a physical map can provide independent information to verify the accuracy of the DNA sequence assembly. Clone-based physical maps are also useful in targeted sequencing activities in which a region of interest of a particular genome may be sequenced in order to provide data for comparative genomic studies or gene discovery endeavors (Summers et al., 2001; DeSilva et al., 2002) . Furthermore, clone fingerprint maps are potentially useful for targeted re-sequencing projects aimed at polymorphism discovery. The high-resolution physical maps obtained from fingerprint analysis can provide crucial information for positional cloning studies, which are essential for identifying the genes responsible for several diseases (e.g. Park et al., 1999) . Finally, building a clone fingerprint map can be the starting point in the construction of microarrays designed for bacterial artificial clone comparative genomic hybridization (BAC-CGH) experiments, which measure DNA copy number variations associated with various diseases (Pinkel et al., 1998; Chen et al., 1998; Albertson et al., 2000; Bruder et al., 2001 ).
Efficient experimental techniques have been developed for the production of fingerprints representing the DNA fragments generated by restriction enzyme digestion of bacterial artificial clones (Marra et al., 1997 and The International Human Genome Mapping Consortium, 2001 ). However, the subsequent assembly of the fingerprints into contigs of accurately ordered 4 clones presently requires a large fraction of the time and effort necessary to produce a physical map. In the present work, the term contig is used to represent an ordered set of overlapping fingerprinted clones associated with a contiguous genomic DNA sequence. The production of a physical map can be arbitrarily divided into four major steps: 1) the identification of the bands associated with the DNA fragments from the gel images and the elimination of fingerprint artifacts 2) the clustering of clones associated with the same region of the genome (i.e. "binning") 3) the ordering of the clones in these groups ("bins") to build contigs 4) the fusion of contigs associated with adjacent regions of the genome. The ultimate goal is obviously to develop computer software to perform these tasks with a minimum amount of human intervention.
Historically, the first step, the analysis of the gel images, was performed interactively and required a substantial amount of time and personnel, especially for physical maps associated with large genomes. This first step has recently been successfully automated with the creation of the integrated suite of tools called BandLeader (Fuhrmann et al., 2003) , which identifies restriction fragments derived from both molecular size standards and fingerprinted clones.
In principle, for many genomes the second step of clone clustering can easily be automated when working with good quality fingerprints. A simple algorithm would form groups of neighboring clones if a relevant figure of merit associated with the overlap between two clones could be defined. The quantity that became known as the Sulston score (Sulston et al., 1988) is such a figure of merit. The Sulston score is an attempt at describing the probability that the restriction fragments present simultaneously in both clone fingerprints occurred purely by chance and is not an indication of a real overlap between the two clones. Obviously, such a probability depends on a 5 number of factors, including the number of bands in each clone, the number of bands shared by both clones, and the tolerance in identifying the bands as being identical. The latter can be directly related to the uncertainty in the measurement of the band positions. It is assumed that two clones are overlapping if they are associated with a Sulston score below a user-defined threshold. In practice, the value of the cutoff is selected for each data set, taking into account the quality of the fingerprints, the average number of fingerprint fragments per clone, and the complexity of the genome. In principle, it is a simple task to form groups of neighboring clones with the help of the Sulston score. However, in practice it is computationally expensive for large data sets since the Sulston score has to be calculated for each pair of clones. Furthermore, for some complex genomes a good Sulston score is not always associated with a real overlap between clones. The FPC software (Soderlund et al., 1997 and is often used to perform this second step; it has recently been adapted to run in parallel on a Beowulf cluster in order to accelerate the process (Ness et al., 2002) . FPC can perform this task well for most cases if the user selects a proper set of parameters and the fingerprint data set is of high quality.
Achieving the third step, the correct ordering of clones within fingerprint contigs, is critical for optimal performance of automatic or manual tiling path selection procedures. In forming the groups of neighboring clones, FPC tries to find the correct order for the clones. However, the results are generally not adequate for many applications requiring a physical map. Currently, specialized personnel have to reorder all the clones by hand with the help of the interactive features of FPC.
The basic rules of this editing process have been described in the literature (Marra et al., 1997 and . The procedure is time consuming and prone to human error. The task of ordering clones is made complex by the fact that the information provided by the fingerprints is redundant but not 6 perfectly consistent. For example, there are errors in the identification of restriction fragments, and the mass measurement of these fragments is performed with a finite precision. After manual review, it is common for a physical map to have three quarters of its clones hidden from the user.
The clones that are displayed by default (by contig visualization software like FPC) are said to be canonical, and those that are not shown are referred to as buried. In the simplest case, a clone is buried when its DNA is completely contained within the DNA of a larger canonical clone. Such a buried clone would not provide unique information (all its restriction fragments being observed in the larger clone) and by default is not displayed to the user. Clones might be buried simply to improve the clarity of the contigs but they are often buried because they do not provide new or consistent information to the contigs. The selection of a good set of canonical clones is a difficult task, which increases the complexity of ordering algorithms.
The last step in the production of a fingerprint map, i.e. the fusion of contigs, is presently performed by hand with the help of interactive features provided by the FPC software. Once the clones within contigs are properly ordered, it is possible to relax the Sulston score stringency and search for overlaps between clones at the ends of different contigs. Obviously, a necessary condition for a successful fusion of two contigs is that clones within and at the ends of both contigs have to be correctly positioned. Information other than that associated with fingerprints, for example, marker data and DNA sequence derived from clone ends, can be used to corroborate possible fusion of contigs. Once the conditions associated with correct fusions are clearly defined, it should be straightforward to develop an algorithm to perform this last step.
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As previously discussed, the ordering of clones is at present largely a manual effort requiring substantial time and effort and a team of skilled staff. As will be described in the next section, it is possible to create perfectly consistent data in silico in order to test various ordering algorithms.
FPC cannot always produce a perfect order with perfect in silico data. We have addressed these issues by developing a new algorithm to automatically order fingerprinted clones. The algorithm has been implemented in new software called CORAL (Clone ORdering ALgorithm).
METHODS AND ALGORITHM
Before ordering the clones, gel images are processed with BandLeader in order to identify the restriction fragment bands and reject the poor quality and contaminated fingerprints.
FPC is then used to form groups of clones ("bins") associated with regions of the genome. With our new clone ordering software we then read the file produced by FPC, order the clones within each bin, and write the resulting contigs in a new database compatible with the FPC format.
In the initial steps, our clone ordering algorithm relies on the Sulston score to estimate the overlap between clones. If we associate the Sulston score with the probability that the similarity between the fingerprints of two clones arises purely by chance, it follows that the quality of a contig should be related to the product of the Sulston scores for adjacent clones in the contig. In practice, we define the fitness, F, of a contig as
where † S i,i+1 is the Sulston score between the canonical clones at positions i and i+1 in the ordered set of clones, and the sum is performed over the whole contig. The equation for the Sulston score itself can be found in several references (e.g., Sulston et al., 1988; Soderlund et al., 1997 and 8 2000) . Tests with perfect and perturbed in silico data and with the canonical clones resulting from manually ordered contigs indicate that this definition of fitness provides a good representation of the quality of the clone order. More precisely, in these tests, correctly ordered contigs were the fittest and series of random interchanges between consecutive clones progressively reduced the fitness.
In this first version of CORAL, we define two bands as matching when their relative mobilities are within a constant tolerance. As was the case in the work by Marra et al. (1997) , we typically find that a tolerance equal to 7 standard mobility units produces adequate results; this also corresponds to the default value used by the FPC software. In the initial phase, the problem of ordering clones can be seen as maximizing the fitness of the contig with the constraint that two adjacent clones should have a Sulston score smaller than a user-defined threshold. If we knew in advance which clones were canonical, the ordering problem would have some similarities with the famous and well-studied traveling salesman problem (TSP). The main differences are that we do not want to return to the starting point, and we cannot clearly define a distance. The problem of building a correctly ordered contig is made more complex by the fact that we do not know in advance which clones could form a good canonical set. It should be pointed out that, as suggested by Agarwala et al. (2000) , Avner et al. (2001) used computational tools designed to solve the TSP in their production of a radiation hybrid map of the mouse genome. Furthermore, Golumbic et al. (1994) showed that two simplified versions of the physical mapping problem are NP-complete. An approximation algorithm will therefore have to be developed in order to build correctly ordered contigs.
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In our algorithm, before trying to find the order of the clones in a bin, we bury the clones that are very similar to other clones, the degree of similarity being selected by the user. For example, in the initial phase a clone that shares more than 90% of its bands with another clone becomes buried under that canonical clone. We then use the information from the canonical clone and all buried clones associated with it to improve our measurement of the position of the bands. This is simply done by replacing each band with the average position of the matching bands from that particular set of clones having a buried-canonical relationship. With the improved band positions, we then calculate the Sulston score between all the pairs of canonical clones in that group (bin) of clones formed with FPC. In practice, we only calculate the Sulston score for the pairs of clones sharing at least a user-defined number of bands, for the other pairs we simply set the Sulston score to 1 without further calculations; a threshold of four matching bands is typically used. We can then proceed with the optimization of contig fitness. For a bin comprising a large number of clones, it would be computationally too expensive to analyze all the possible permutations of clones and we therefore have to rely on non-exact algorithms. CORAL tries to solve the optimization problem by building many solutions with different clones as initial seeds. In this initial ordering phase, it uses a greedy algorithm coupled with a local reordering procedure. In other words, it adds the best possible clone to an end of the current ordered list to maximize the current fitness, and then it locally permutes the clones in the list if this produces an improvement in fitness. In this process, we take into account the constraint that two neighboring clones have to be associated with a Sulston score better than the user-defined cutoff. This process will obviously stop when no more clones can be added to the current solution. It should be pointed out that such a simple procedure is able to obtain the correct clone order when only the canonical clones of manually ordered contigs are considered. However, a more robust approach is required when considering all the clones in the bin 10 regardless of their canonical or buried status in the corresponding manually reviewed contig. As will be explained below, a successful approach consists in "crossing" the various solutions obtained with different seeds with one another in order to improve their fitness. In practice, each canonical clone is used as a seed and only the unique solutions are kept for the "breeding" process.
The breeding process is simple but two solutions could cross in many different ways. For example, suppose that we want to cross the solutions A-B-C-D-E-F-G-H-I-J and K-L-E-C-H-M-G-N-O-P, the different letters representing different clones. In this particular example, the clones C, E, G, and H are present in both solutions. It should be noted that two solutions are allowed to breed only when they share at least one clone and, obviously, a clone can appear only once in a solution. We can start on the first solution and switch to the second one; the switch could be made as early as We simply have to examine the fitness of all those eight potential children and keep only the fittest if it is a better solution than both parents.
In a given generation, each potential parent solution will try to breed with all the other potential parents and if successful it will subsequently be replaced by its fittest child. This breeding process will continue for as many generations as required, the parent solutions being eliminated after reproduction. It will stop when no remaining solutions can reproduce, typically after two or three generations. The remaining solutions should be close to the best possible non-overlapping solutions associated with that bin of clones formed by FPC. This breeding procedure tends to favor the longest solutions with the maximum genome coverage. In some sense, this technique can be seen as a variation of what is termed a "genetic algorithm" in computer science.
The next phase consists in fine-tuning our solutions by burying some clones, un-burying others and finding the best position for the clones that have been discarded in the breeding process. During this phase we analyze the individual bands in each clone and try to minimize the number of inconsistencies in our solutions; an inconsistency could be a band that is not confirmed by a neighboring clone or a band that could be confirmed but is only represented in buried clones.
Following the convention introduced by FPC, CORAL defines three categories of buried clones.
These are "exact", "approximate" and "pseudo". The exact status is assigned to a clone sharing all its restriction fragments with another clone. A clone with the approximate status shares at least a user-defined percentage of its bands with another clone (the default is 90%); otherwise the buried clone is labeled as pseudo.
In order to improve the algorithm implemented in CORAL we require a rigorous evaluation procedure. For this purpose we need to define a quantity associated with the quality of the contigs produced by CORAL and we also need to have access to a number of data sets for which the clone order is known. Perfect and perturbed in silico data, manually ordered contigs, and contigs associated with known DNA sequences could all provide useful data sets to evaluate CORAL performance. If we associate an increasing index I for each successive clone in the contig with known order, we can calculate the index difference between two consecutive canonical clones in the corresponding contig ordered by CORAL. We find that the sum of these index differences over the whole contig is a good measurement of the quality of the order. In practice, we subtract the value we would get for a perfect order so that a perfectly ordered contig will always be associated with a quality measurement of zero no matter how many clones are present in the contig.
For example, a contig with perfect order with the exception that two neighboring clones are interchanged would correspond to a quality score equal to two. It should be pointed out that the buried clones in the contigs with known order share the same index as their canonical clone. Therefore, our scoring scheme does not penalize for using a set of canonical clones different from the set used in the contig with known order. For a random order, we would expect a quality score
where n is the number of clones in the contig. In the evaluation of the software performance it is also useful to monitor the number of clones used in the canonical set.
For example, a very aggressive burying procedure resulting in contigs with only one or two canonical clones would obviously get a perfect order but would most likely produce many gaps and a weak coverage of the genome. It should be pointed out that, similarly to the procedure followed by human editors, CORAL does not try to order the clones it buried, the left coordinate of a buried clone is always assigned as being equal to the left coordinate of its canonical clone. This explains why only the canonical clones are used in the calculation of the quality score Q.
IMPLEMENTATION
The current version of the CORAL algorithm has been implemented in a Perl script. It reads a database produced by FPC, reorders each bin of clones, and output the results in the FPC format.
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RESULTS
Cryptococcus neoformans strains JEC21 and H99
Fingerprinted BAC clone physical maps have been previously produced and manually edited for two strains of the fungus Cryptococcus neoformans (Schein et al., 2002) . (Soderlund et al., 2000) were produced. It is important to respect this constraint in order to ensure that FPC produces its best possible clone order. With a cutoff of 1e-10 (which corresponds to the default value), FPC generated 54 contigs for JEC21 and 66 contigs were produced for H99 with a cutoff equal to 1e-13. All the other FPC parameters were set to their respective default values (e.g., tolerance=7 and bury=0.10). Only the JEC21 database was used as a test case in the initial stages of CORAL development; hence, the H99 map represented a relatively independent test for the final version of the software. A typical contig produced by FPC for the 14 H99 map is shown in Figure 1a and the corresponding contig ordered by CORAL can be seen in Figure 1b . The clones have been renamed according to their positions in the manually edited map.
The clones starting with the letter C, E, A, and P were canonical, exact buried, approximate buried, and pseudo buried, respectively, in the manually edited map. This letter is followed by an index corresponding to order of the clone in the manually edited map. It should be noted that a buried clone is associated with the index of its canonical clone. Therefore, a second number (after the dot)
follows the index in order to make the clone name unique. As can be seen from Figure 1 , the contig produced by FPC presents some clones that are incorrectly ordered, whereas all the clones shown in the contig produced by CORAL are in the correct order according to the manually edited map.
The second obvious difference is that the contig ordered by CORAL shows fewer clones. This comes from the fact that CORAL attempts to do a more stringent selection of canonical clones, a task that would normally be performed by hand with the help of the interactive features of FPC. In other words, on average CORAL tends to bury more clones than FPC. As expected, the set of canonical clones selected by either software can be different from the set of canonical clones from the manually edited map. The manually edited maps comprise 590 and 714 canonical clones for the JEC21 and H99 strains, respectively. With the same databases FPC obtained 1269 and 1270 canonical clones while CORAL produced 617 and 710 canonical clones. A global comparison of the quality of clone order obtained with FPC and CORAL is shown in Figure 2 for both strains.
The sum of the quality score Q over all the contigs is better (lower) for CORAL than FPC by more than one order of magnitude for both strains.
In silico simulations
Series of random DNA sequences of length 100 Mb and 50 Mb have been generated in order to simulate physical maps with 7.5-and 15-fold coverage, respectively. The relative performances of FPC and CORAL should not be strongly affected by the GC content of the DNA sequences; the GC content has therefore been fixed at 50% for all the randomly generated sequences. Fingerprints of 5000 clones have been simulated with HindIII in silico digestions for each DNA sequence, the size of the clones being randomly distributed with an average of 150 kb and a standard deviation of 20 kb. The average number of bands per fingerprint was equal to 35. The in silico fingerprints were then perturbed to simulate the typical sources of error seen in real fingerprints. At a perturbation level p, p% of the bands were removed at random, p% of the bands were overcalled at random, and all the bands were moved at random following a Gaussian distribution of standard deviation p and centered on the true relative mobility associated with the band. Taking into account the performance of state-of-the-art technology, we can estimate that real fingerprint data are produced in our laboratory with a perturbation level around three. FPC databases were produced with integer perturbation levels p ranging from 0 (perfect data) to 5 for both coverages. The resulting 12 databases comprising 5000 clones each were then analyzed with FPC and CORAL. The default FPC parameters were used and FPC did not produce Q clones. The resulting quality scores are shown in Figure 3 . As expected, for both FPC and CORAL, the score increases with the level of perturbation applied to the data. However, the score obtained with CORAL is always significantly lower than that associated with FPC. It should be pointed out that CORAL produces a perfect order with perfect in silico data, which is not always the case for FPC. The consistency of the order obtained with CORAL is very similar for both coverages. In this type of simulation we know the exact genomic sequence associated with the physical map, it is therefore simple to look for possible gaps within contigs. For the 12 sequences we have generated and analyzed, both FPC and CORAL produced contigs that did not introduce gaps in coverage. Figure 4 shows the average number of canonical clones covering the bases within contigs for the databases produced by in silico simulation.
Map of the human genome
The human genome was sequenced by the public effort using a clone-by-clone strategy 
DISCUSSION AND CONCLUSION
We have developed and implemented an algorithm to order fingerprinted clones within contigs.
Our measurements with real data and in silico simulations suggest that it performs better than the software currently used in most laboratories. In many situations, the CORAL software tends to bury more clones than FPC. This explains part of the large difference between the quality score for contigs ordered by both algorithms; it is obviously more difficult to obtain a perfect order when more clones are used. However, CORAL has not produced gaps in coverage after ordering databases created by in silico simulations, which suggests that its burying procedure is not overly aggressive.
As previously mentioned, the breeding process used by CORAL is useful only for complex contigs with many clones. A small contig often results in only one unique solution and no breeding is therefore necessary. We have investigated the effectiveness of the breeding process with the database associated with the JEC21 strain of Cryptococcus neoformans. The breeding process has affected the final results for about 20% of the contigs, but they correspond to the largest and most complex contigs. In some cases, the fitness of the final solution is nearly twice that of the fittest solution before breeding. For these cases, the greedy algorithm alone is clearly unable to extend the contig the its proper ends and the breeding process is required to obtain the maximum coverage.
In this first version of CORAL, FPC is used to create the bins of clones and CORAL orders each bin in succession with the assumption that the bins were correctly generated. CORAL (like FPC)
will therefore encounter some problems in its ordering procedure for incorrectly generated bins.
Tests performed with the Cryptococcus neoformans databases showed that CORAL and FPC have different behaviors when trying to order incorrectly generated bins. For example, when the Sulston score cutoff is not stringent enough and some bins contain clones originating from more than one contig, FPC tends to produce stacks of (Q) clones that are completely unordered. In the same situation, CORAL is sometime able to properly split the offending bins; however, more often it produces contigs that are locally properly ordered but contain sections originating from different contigs from the manually edited map. 
